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FIG. 6
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A\

IDENTIFY AN INPUT VECTOR OF FACIAL
LANDMARKS, WHEREIN THE FACIAL
LANDMARKS OF THE INPUT VECTOR ARE
DERIVED FROM A GIVEN FACIAL IMAGE, AND
WHEREIN THE FACIAL LANDMARKS OF THE 600

INPUT VECTOR ARE IDENTIFIED BASED THEIR
ABILITY TO REPRESENT MORPHOLOGICAL /
CHARACTERISTICS OF THE GIVEN FACIAL
IMAGE

604

N

PERFORM A WEIGHTED COMPARISON
BETWEEN THE INPUT VECTOR AND EACH OF A
PLURALITY OF TRAINING VECTORS, WHEREIN

EACH TRAINING VECTOR IS MAPPED TO AT
LEAST ONE OF A PLURALITY OF CATEGORIES,
AND WHEREIN EACH TRAINING VECTOR
REPRESENTS FACIAL FEATURES DERIVED
FROM A DIFFERENT RESPECTIVE FACIAL
IMAGE

606

N

BASED ON A RESULT OF THE WEIGHTED
COMPARISON, CLASSIFY THE GIVEN FACIAL
IMAGE INTO A CATEGORY OF THE PLURALITY
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DETERMINE AN APPLICATION TO APPLY TO A
FIRST INPUT VECTOR OF FACIAL LANDMARKS,
WHEREIN EACH FACIAL LANDMARK IN THE
FIRST INPUT VECTOR IS DERIVED FROM A
GIVEN FACIAL IMAGE, AND WHEREIN THE
FACIAL LANDMARKS OF THE FIRST INPUT
VECTOR ARE IDENTIFIED BASED THEIR ABILITY
TO REPRESENT MORPHOLOGICAL
CHARACTERISTICS OF THE GIVEN FACIAL
IMAGE

704 \ l

BASED ON THE DETERMINED APPLICATION,
SELECT A SUBSET OF THE FACIAL
LANDMARKS FROM THE FIRST INPUT VECTOR
TO FORM A SECOND INPUT VECTOR

706

N

COMPARE THE SECOND INPUT VECTOR TO A
SET OF TRAINING VECTORS

708

N

BASED ON A RESULT OF THE COMPARISON,
CLASSIFY THE GIVEN FACIAL IMAGE INTO A
CATEGORY OF A PLURALITY OF CATEGORIES,
WHEREIN THE CATEGORIES IN THE PLURALITY
ARE DEFINED BY THE DETERMINED
APPLICATION
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DEMOGRAPHIC ANALYSIS OF FACIAL
LANDMARKS

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a continuation of U.S. patent applica-
tion Ser. No. 13/226,756, filed Sep. 7, 2011, which is hereby
incorporated by reference in its entirety, and to which this
application claims priority. U.S. patent application Ser. No.
13/226,756 claims priority to U.S. provisional patent appli-
cation Ser. No. 61/380,542, filed Sep. 7, 2010, also which is
hereby incorporated by reference in its entirety.

BACKGROUND

In recent years, digital photography has become the pre-
ferred method of capturing still pictures. Due to the availabil-
ity of low-cost, large-scale storage media, it has grown to the
point that there are billions of digital photographs on the
Internet. In addition to personal collections of digital photos,
private, public and government entities may collect and store
digital photographs for personal, commercial, security, and
other purposes. Many of these digital photographs depict the
faces of one or more persons.

Overview

It is desirable to be able to estimate demographic charac-
teristics (e.g., age, race, gender, etc.) of persons from facial
images in the digital photographs. However, current propos-
als exhibit a lack of accuracy to determine race, gender, or age
within several years.

In order to more accurately estimate the demographic char-
acteristics of individuals depicted in digital photographs,
methods and devices for demographic analysis of facial land-
mark data are presented herein. In particular, a plurality of
facial landmarks may be selected from a set of facial images.
Each respective facial landmark may represent an anthropo-
metric feature of the face depicted in the image. For each
facial image, a vector of selected facial landmarks may be
mapped to a known demographic characteristic of the indi-
vidual depicted in the image. This information may then be
used as training vectors for estimating the demographic char-
acteristics of additional facial images.

In particular, a given facial image may be annotated with
the plurality of facial landmarks. These facial landmarks may
be points or regions of the face that are indicative, either alone
or in combination with other facial landmarks, of at least one
demographic characteristic. Based on the demographic char-
acteristic being analyzed, one or more of these facial land-
marks may be selected and arranged into an input vector.
Then, the input vector may be compared to one or more of the
training vectors. An outcome of this comparison may involve
in the given facial image being classified into a category
germane to the analyzed demographic characteristic (e.g., an
age range or age, a racial category, and/or a gender).

For instance, ifage is being estimated, the input vector may
be classified into a perceptual or chronological age range
(e.g., 24.0-24.5 years of 0ld), or an exact age value (e.g., 34.6
years old). Likewise, if race is being estimated, the input
vector may be classified into a racial category (e.g., Cauca-
sian, Asian, African, etc.). Similarly, if gender is being esti-
mated, the input vector may be classified into a gender cat-
egory (e.g., male or female).

For some types of demographic characteristics, a second
classification may then take place, estimating where within
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the category the facial image falls. For example, if the given
facial image maps to an age range of 21-30 years, then second
classification may provide an estimated age of the facial
image (e.g., 25 years).

These estimations may be comprised of various types of
regression, goodness-of-fit and/or maximum likelihood esti-
mation techniques. For instance, the first classification may
include using a support vector machine (SVM) to fit the input
vector into categories defined by the training vectors, and the
second classification may include using a support vector
regression (SVR) to map the input vector to a particular result
based on the training vectors that fall into the same category
as the input vector.

These and other aspects and advantages will become
apparent to those of ordinary skill in the art by reading the
following detailed description, with reference where appro-
priate to the accompanying drawings. Further, it should be
understood that this overview and other description through-
out this document is merely for purposes of example and is
not intended to limit the scope of the invention as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a block diagram of a computing device, in accor-
dance with an example embodiment;

FIG. 2 is a digital photograph of a face, along with a set of
facial landmarks, in accordance with an example embodi-
ment;

FIG. 3 is a workflow with which to construct an SVM, in
accordance with an example embodiment;

FIG. 4 is a workflow with which to construct an SVR
function, in accordance with an example embodiment;

FIG. 5 is a workflow encompassing age classification and
age estimation, in accordance with an example embodiment;

FIG. 6 is a flow chart, in accordance with an example
embodiment; and

FIG. 7 is another flow chart, in accordance with an example
embodiment.

DESCRIPTION

1. Introduction

Human facial characteristics vary dramatically across
ages, races, and genders. As just one example, the bio-dynam-
ics of facial aging may be different for various ranges of age.
In addition to idiosyncratic aging factors that affect the
appearance of different individuals, facial aging may also be
influenced by age-related biomechanical factors that affect all
individuals. For instance, the facial aging of children is typi-
cally dominated by the lengthening and widening of cranial
bone structure (e.g., bone expansion and/or or hard-tissue
elongation), while the facial aging of adults is mostly driven
by the wrinkling, creasing, and lining of skin, sagging of soft
tissues, thinning of fat pads, and bone-remodeling of specific
facial cranial structures.

Inparticular, young children typically have high foreheads,
small noses, and small jaw bones. However, their eyes may
appear large compared to the rest of their faces. The skin of
children is typically smooth and firm. As children age, their
foreheads become more sloped, their noses and jaws
lengthen, and their eyes become proportionally smaller due to
the lengthening and widening of other facial components.

While most growth stops at approximately 20 years of age,
individuals’ faces continue to change. In particular, nose and
ear soft tissue often continues to grow. Also, the amount of
fatty tissue supporting the face decreases, leading to drooping
and/sagging of features. Skin also changes in texture and
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appearance. There may be a decrease in the amount of water
in the skin, which leads to wrinkling, and hyper-pigmentation
(e.g., age spots) may appear. Areas of the face changes due to
bone resorption through remodeling as in the mandible region
which changes for senior adults regardless of tooth loss,
which was until recently believed to be the primary driver of
mandible remodeling.

Wrinkling often begins during or before middle age, and
increases with maturity. Thus, by the time individuals reach
old age, their faces may be quite wrinkled. In addition, their
hair may grey and become thin, their eyebrows may become
thicker, hyper-pigmentation may continue, and they may lose
teeth.

On the other hand, some facial features are comparatively
static throughout an individual’s life. For instance, the rela-
tive distance between the eyes is typically set at birth and does
not change as a person ages.

Age is just one demographic characteristic that is indicated
by facial features. Gender and race are two other demo-
graphic characteristics that may be determined through the
analysis of these facial features. However, different subsets
(though not necessarily disjoint subsets) of facial features
may be best suited to estimate the age, gender, or race of a
facial image. Therefore, in order to accurately estimate the
demographic characteristics of a given facial image, it may be
helpful to take age-specific, race-specific, and/or gender-spe-
cific facial characteristics into account. As a result, better
models of facial images may be built, and more accurate age,
race, and gender estimation may be performed.

The uses for these types of estimations are many-fold. For
example, entities providing public security functions (e.g.,
local, state, and federal law enforcement agencies) may be
given a general description of a person of interest (e.g., a
white male between the ages of 25 and 35). These entities may
have access to dozen, hundreds, or thousands of digital pho-
tographs, some of which are suspected to contain pictures of
this person’s face. By making use of the embodiments herein,
the number of photographs to consider may be reduced to a
much smaller total by estimating the age, race, and/or gender
of faces in these digital photographs.

However, this is not the only possible application for these
embodiments. For instance, accurate age estimation is desir-
able in any situation where age verification is used to deter-
mine a qualification or legal status. To that point, casinos and
bars may seek to verify that patrons are over the age at which
they may legally consume alcohol, a youth sports organiza-
tion may seek to verify that a participant’s age is below a
certain limit or within a certain range, and professional sports
organizations may seek to verify that an athlete’s age is above
a certain limit or within a certain range.

In order to rapidly manipulate a potentially large number of
digitally-represented facial images, one or more computing
devices may be employed. FIG. 1 is a simplified block dia-
gram exemplifying a computing device 100, illustrating some
of the functional components that would likely be found in a
computing device arranged to operate in accordance with the
embodiments herein. Example computing device 100 could
be a personal computer, wireless communication device,
server device, mainframe device, and so on. Thus, the
description of computing device 100 could apply to any com-
bination of software and hardware used for the purposes
described herein.

Example computing device 100 preferably includes a pro-
cessor 102, data storage 104, a network interface 106, and an
input/output function 108, all of which may be coupled by a
system bus 110 or a similar mechanism. Processor 102 pref-
erably includes one or more central processing units (CPUs),
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such as one or more general purpose processors and/or one or
more dedicated processors (e.g., application specific inte-
grated circuits (ASICs) or digital signal processors (DSPs),
etc.).

Data storage 104, in turn, may comprise volatile and/or
non-volatile data storage and can be integrated in whole or in
part with processor 102. Data storage 104 preferably holds
program instructions, executable by processor 102, and data
that is manipulated by these instructions to carry out the
various methods, processes, or functions described herein.
Alternatively, these methods, processes, or functions can be
defined by hardware, firmware, and/or any combination of
hardware, firmware and software.

Accordingly, any of the methods processes, or functions
disclosed in this specification or the accompanying drawings
may be represented as program instructions on any appropri-
ate computer-readable medium. Thus, embodiments of this
invention encompass an article of manufacture, including a
non-transitory computer-readable medium, having program
instructions stored thereon that, in response to execution by a
computing device, cause the computing device to perform
operations comprising any of these methods, processes, or
functions.

Network interface 106 may take the form of a wireline
connection, such as an Ethernet, Token Ring, or T-carrier
connection. Network interface 106 may also take the form of
a wireless connection, such as IEEE 802.11 (Wifi), BLUE-
TOOTH®, or a wide-area wireless connection. However,
other forms of physical layer connections and other types of
standard or proprietary communication protocols may be
used over network interface 106. Furthermore, network inter-
face 106 may comprise multiple physical interfaces.

Input/output function 108 may facilitate user interaction
with example computing device 100. Thus, input/output
function 108 may comprise multiple types of input devices,
such as a keyboard, a mouse, a touch screen, and so on.
Similarly, input/output function 108 may comprise multiple
types of output devices, such as a monitor, printer, and/or one
or more light emitting diodes (LEDs). Additionally or alter-
natively, example computing device 100 may support remote
access from another device, via network interface 106 or via
another interface (not shown), such an RS-232 or universal
serial bus (USB) port.

II. Facial Landmark Representation

FIG. 2 is an example digital photograph 200 of a face that
is annotated with a set of 252 facial landmarks. In general,
such a facial image can be annotated with any number of
facial landmarks. Accordingly, the number of facial land-
marks used in the embodiments herein may be less than or
greater than the 252 facial landmarks shown in FIG. 2.

Facial landmarks may be chosen based on their ability to
estimate the age, race and/or gender, either alone or in com-
bination with one another. Thus, by examining a relatively
small number of facial landmarks (e.g., a few dozen or a few
hundred out of thousands of potential facial landmarks), a
reasonably accurate estimate of these demographics can be
obtained. Further, the facial landmarks most useful for
respective estimation of age, race, and/or gender may differ.
Therefore, out of the 252 facial landmarks in FIG. 2, one set
o130 may be chosen for age estimation, another set of 30 may
be chosen for race estimation, and yet another 30 may be
chosen for gender estimation. (It should be understood that
these numbers are provided for purposes of illustration, and
that a different number of facial landmarks may be chosen to
estimate each demographic.) One tool for choosing these
facial landmarks is to use an active appearance model
(AAM), which can be used to identify areas in facial images



US 9,177,230 B2

5

that account for significant amounts of anthropometric varia-
tion between different facial images.

Regardless, once a set of facial landmarks are chosen, they
may be represented as a vector. Each such vector may contain
a plurality of values (e.g., numeric values), each associated
with a facial landmark of a given facial image. Thus, for
instance, particular values might represent the shape of the
facial landmark, the intensity and/or coloration of pixels at or
near the facial landmark, the distance of the facial landmark
from another point on the face, or some other aspect of the
given facial image. As a result of this form of representation,
these vectors may be manipulated by a computing device,
such as computing device 100, to produce an age, race, and/or
gender estimation.

III. Demographic Estimation

The embodiments herein may encompass machine learn-
ing techniques to provide at least some aspects of demo-
graphic estimation. One way in which to estimate a demo-
graphic characteristic of a given facial image is to compare
this facial image to a plurality of facial images each of which
having known demographic value(s). The result of this com-
parison may be an estimate of one or more demographic
characteristics of the given facial image.

Throughout this specification, example embodiments of
age estimation are used. It should be noted that the techniques
herein can also be used to estimate race and gender, as well as
other types of demographics. Thus, these methods, processes,
and functions of these example embodiments are not limited
to age estimation, and may be used, in whole or in part, for
other purposes as well.

a. Developing a Classification Function

For age estimation, a plurality of facial images, for each of
which the actual age of the face is known, may be gathered
and used as training data. This training data may be the basis
of'a function that classifies new facial images into two or more
categories.

Based on the demographic characteristic being estimated
(hereinafter also referred to as the “application”), a subset of
facial landmarks may be chosen. For each facial image, the
values associated with these chosen facial landmarks may be
placed in a training vector. Thus, each of n training vectors
may be represented by x,, where i=1 . . . n. Preferably, x, is the
training vector for the ith facial image, and x, contains m
facial landmarks. Each training vector x, may also be associ-
ated with age,, the actual age of the face represented in the
facial image.

Further, each training vector x, may be mapped to an age
range in which age, falls. For example, based on the observa-
tion that child and adult faces age differently, two age ranges
may be established, one for the ages 0-20 and the other for the
ages 21 and over. Then, each of these ranges may be associ-
ated with a unique value. For instance, the age range of 0-20
may be associated with a value of —1, while the age range of
21 and over may be associated with the value of 1. These
values may be represented for each facial image by the vari-
able y,. Thus, a mapping (x,, y,) may be established between
each training vector and an age range indicator.

It should be understood that the number of age ranges, and
the starting and ending points of each age range, may differ
from the above example. Moreover, the values taken on by y,
may be different than those presented above. For instance, the
age ranges 0f 0-20, 21-55, and 55 and over could be used, and
y, could accordingly take on one of three values for each facial
image. Other age ranges could be used as well.

Regardless, once the values of the training vectors x; and
the age range mappings y, are determined for each facial
image in the training data, machine learning techniques may
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be used to model the commonalities between facial images
that map to each age range. One way of doing so is to use an
SVM-based representation of the training vectors. Continu-
ing with the example of two age ranges, an SVM model may
be used to select a subset of n training vectors (hereinafter
referred to as the “support vectors” and notated as s,) such that
the distance between support vectors s; in m-dimensional
space is substantially maximized. Therefore, support vectors
s, may comprise vectors that accentuate the difference
between facial landmarks that map to the age range of 0-20
and facial landmarks that map to the age range 21 and over.

In a possible embodiment, the SVM model may involve
finding support vectors s;, as well as the coefficients t; and b
to fit the equation

wx+b=0

where x is the matrix of training vectors, - is the dot-product
operation, and

NS
w= Z @;Yisi-
i=1

In particular, it is desirable for the support vectors s, to be
linearly separable. Points in a two-dimensional space are
linearly separable if they can be separated by a line drawn
between them. Thus, sets of points are linearly separable in
m-dimensional space if they can be separated by a hyperplane
of m-1 dimensions. If the points in training vectors X, are not
linearly separable, they can be mapped, through use of map-
ping function @, to a Euclidian space H such that these points
are linearly separable. Accordingly, support vectors s, , as
well as the coefficients a, and b, may be found to fit the
equation

NS

Zw;y;[((s;, x)+b=0
=1

where the kernel function K(a,3)=®(a)-®(p3). Values o, and b
are preferably a substantially optimal solution of a quadratic
programming problem

1 &
minpe 5 IWIP +C) &
i=1

where C>0 is a regularization parameter, §,20, and y, (w-x,+
b)=1-E,.

As aresult, a classifier function f(z) may be constructed to
determine whether an input vector represents the face of a
child (e.g., ages 0-20) or an adult (e.g., ages 21 and over).
Accordingly,

NS
F@=) @K 2 +b

i=1
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where 7 is the input vector and K is Gaussian kernel function

1

Kia, p) = L

The value of standard deviation omay on various values.

The output of function f(z) is preferably between -1, indi-
cating a child’s face, and 1, indicating an adult’s face. How-
ever, a function such as function f(z) may output different
values based on the number of range ranges defined. For
instance, f(z) may output different types or ranges of values
when more than two age ranges are defined, thereby mapping
the input vector zto one of the age ranges. In another possible
embodiment, f(z) may map the input vector z to more than
one age range.

FIG. 3 provides an example workflow of this classification
process. Faces of known ages 300 may be processed to select
facial landmarks, resulting in training vectors 302. Support
vectors 304 may be selected from training vectors 302. An
SVM may be developed from support vectors 304, resulting
in a classification function f(z). Given an input vector z based
on a given facial image, f(z) preferably produces a classifi-
cation of the facial image into an age range.

It should be understood that the process depicted in FIG. 3
is presented for purposes of illustration. Thus, more or fewer
components than are shown in FIG. 3 may be included, and
these components may be arranged differently than is shown.
Further, each component may be replaced with an equivalent
or similar component without departing from the scope of the
invention.

b. Fitting Classified Facial Images to Training Data

Once an input vector is classified, for example using a
classification function as described above, the input vector
may be compared to support vectors that represent faces with
known ages within the classified age range. Thus, if the input
vector is classified as representing the face ofa child, the input
vector may be compared to the support vectors representing
faces with known ages from 0-20. But if the input vector is
classified as representing the face of an adult, the input vector
may be compared to the support vectors representing faces
with known ages 21 and over. In a possible embodiment, this
comparison may take the form of an SVR.

At ahigh level, the SVR technique is capable of building a
hyperplane v that fits (e.g., is close to) the points in the
training data. For the age estimation application, the training
data is either the support vectors s, that represent children’s
faces, or the support vectors s, that represent adult faces. For
a given subset of support vectors, s,*, v can be determined
according to the equation

0 ifly; —(v-sf +b) <&
lyi=v-st+b), =

lyi = (v 5{< +b)| -2 otherwise

where the value of € can be varied, and may be an input
parameter of the SVR calculation. In a possible embodiment
€ may take on a value of 0.05, but other values of € may be
used instead.

The SVR may be determined by solving the quadratic
programming problem characterized by the equations
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N,
o] N
minpee 5P +C) & +60)
i=1

yi—est b e+

—yi+ sty <e+ &

preferably where C>0 is a regularization parameter, §,20, and
£,*=0.

Using these quadratic programming equations, a function
F(s%, z) can be developed to, based on the known ages of
support vectors s/, estimate the age of the facial image rep-
resented by input vector z. Therefore, a growth and develop-
ment function f(s,°, z) can be developed to estimate the age of
facial images classified as children, and an aging function
£(s,%, z) can be developed to estimate the age of facial images
classified as adult.

FIG. 4 provides an example workflow for how function
F(s/, z) can be developed. Age-specific support vectors 400,
e.g., either s, or s,%, are used to solve the quadratic program-
ming problem. The result may comprise an age estimation
function (s, z) 402.

The combined workflow of developing a classification
function and fitting classified facial images to training data is
illustrated in FIG. 5. An input facial image 500 may be used
to derive an input vector 502. Similarly, training facial images
504 may be used to derive training vectors and support vec-
tors 506. Training vectors and support vectors 506 may be
used, in turn, to develop child/adult classifier 508, which may
be applied to input vector 502. Based on the output of child/
adult classifier 508 applied to input vector 502, input vector
502 may then be used either with growth and development
function 510 or adult aging function 512 to estimate the age of
input facial image 500.

As in the case of FIG. 3, it should be understood that the
workflows depicted in FIGS. 4 and 5 may presented for pur-
poses of illustration. Thus, more or fewer components than
are shown in FIGS. 4 and 5 may be included, and these
components may be arranged differently than is shown. Fur-
ther, each component may be replaced with an equivalent or
similar component without departing from the scope of the
invention. Moreover, there may be more than two age-specific
support vectors defined, and accordingly, more than two age
estimation functions.

c. Experimental Results

The accuracy of the demographic estimation techniques
described herein can be evaluated in a number of ways. One
such way of doing so is to use a mean absolute error (MAE)
technique. MAE is the average absolute error between the
actual demographic value and the estimated demographic
value. Thus, for the case of age estimation, the MAE is the
average absolute error between the actual age of a given facial
image and the estimated age of the given facial image. More
formally, MAE can be expressed as

1
MAE = ;Z |age‘-m —agEf-’”I
i=1

for a set of n facial images, where age,” is the estimated age
of the ith facial image and age,** is the actual age of the ith
facial image.
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Additionally, the cumulative score technique may also be
used to evaluate the accuracy of a demographic estimation
technique. Cumulative score may be defined as

fe<o
CumScore(§) = — x 100
n

where n is the total number of facial images and n,_4 is the
number of facial images for which the estimation error (the
difference between the estimated age and actual age) was less
than 0. Thus, the cumulative score produces a result between
0and 100, where the closer the results are to 100, the lower the
estimation error.

The embodiments herein were evaluated against two dif-
ferent databases of facial images for which the age of each
facial image was known. A set of 802 facial images was used
as training data. Once an SVM and an SVR were built based
on facial landmarks extracted from these facial images, the
ages of each of the 802 facial images were estimated. The
result was an overall MAE of less than 2. The same SVM and
SVR were also used to estimate the ages of 200 additional
facial images, and the resulting MAE was less than 3.96
years. The latter result was lower than any other publicly-
available result for the same database of facial images, which
indicates that the embodiments herein may result in superior
age estimation accuracy.

The embodiments herein have also produced the best
known age estimation per decade of life, with results as indi-
cated in the table below.

Years MAE Per Decade
0-9 2.12
10-19 4.23
20-29 5.67
30-39 9.58
40-49 10.29
50-59 9.51
60-69 21.25

d. Example Methods

FIGS. 6 and 7 provide flow charts 600 and 700, respec-
tively, each in accordance with example embodiments
described herein. However, these flow charts are presented for
purposes of illustration. Thus, more or fewer steps than are
shown in FIGS. 6 and 7 may take place, and these steps may
occur in a different order. Additionally, the flow charts of
FIGS. 6 and 7 may be combined, in part or in whole. Further,
each step may be replaced with an equivalent or similar step
without departing from the scope of the invention. Moreover,
each of these flow charts may be performed, in whole or in
part, by a computing device such as computing device 100.

According to a possible embodiment, at step 602 of method
600, an input vector of facial landmarks may be identified.
The facial landmarks of the input vector may be derived from
a given facial image. Preferably, these facial landmarks are
identified based their ability to represent anthropometric
characteristics of the given facial image. At step 604, a
weighted comparison between the input vector and each of a
plurality of training vectors may be performed. Each training
vector may map to at least one of a plurality of categories, and
each training vector may represent facial landmarks derived
from a different respective facial image. At step 606, based on
a result of the weighted comparison, the given facial image
may be classified into a category of the plurality.

10

15

20

25

30

35

40

45

50

55

60

65

10

According to another possible embodiment, at step 702 of
method 700, an application to apply to a first input vector of
facial landmarks may be determined. Each facial landmark in
the first input vector may be derived from a given facial
image. The application may be, for example, an age estima-
tion application, a gender estimation application, a race esti-
mation application, or some other type of application that
estimates demographic characteristics of the given facial
image. The facial landmarks of the first input vector may be
identified based their ability to represent anthropometric
characteristics of the given facial image. At step 704, based on
the determined application, a subset of the facial landmarks
may be selected from the first input vector to form a second
input vector. At step 706, the second input vector may be
compared to a set of training vectors. At step 708, based on a
result of the comparison, the given facial image may be clas-
sified into a category of a plurality of categories. Preferably,
the categories in the plurality are defined by the determined
application.

For either method 600 or 700, further additional features
and/or steps may be applied. For instance, each training vec-
tor may also map to a region in m-dimensional space such that
there is one region in the m-dimensional space defined for
each category in the plurality. Then, performing the compari-
son between an input vector and the training vectors may
comprise fitting the input vector to at least one of these
regions. Additionally, classifying the given facial image into
the category of the plurality may involve selecting the cat-
egory of the plurality based on the at least one region in the
m-dimensional space to which the input vector maps.

Also, each category in the plurality may be associated with
a different human racial identity, a different gender, or a
different age range, based on whether the embodiment is
attempting to determine the race, gender, or age of the indi-
vidual from whom the given facial image was derived. In
these cases, at least some of the facial landmarks of the input
vector may represent racial characteristics, gender character-
istics, or age characteristics, respectively, of the given facial
image.

If the embodiment is attempting to determine an age, then
each training vector is preferably associated with an age of an
individual from whom the different respective facial image
was derived. Additionally, a second comparison of the input
vector to a subset of the training vectors may be performed,
where at least some of the subset of the training vectors map
to the category ofthe plurality in which the given facial image
was classified. Based on a result of the second comparison, an
age of an individual from whom the given facial image was
derived may be estimated. The second comparison may
involve, for example, a regression-based fitting of the input
vector to the at least some of the training vectors, and/or
fitting the input vector to points in m-dimensional space that
are defined by at least some of the training vectors.

Optionally, the plurality of categories may include a child
age range. At least some of the subset of the training vectors
that map to the child age range may represent facial features
indicative of bone expansion or hard-tissue elongation. Fur-
ther, the plurality of categories may include an adult age
range. At least some of the subset of the training vectors that
map to the adult age range may represent facial features
indicative of wrinkling, hyper-pigmentation, or thinning of
fat padding. Further discrete age ranges may be used in a
similar fashion.

IV. Conclusion

Example embodiments have been described above. Those
skilled in the art will understand, however, that changes and
modifications may be made to these embodiments without
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departing from the true scope and spirit of the invention,
which is defined by the claims.

What is claimed is:

1. A method comprising:

obtaining an input vector of facial landmarks, wherein the

facial landmarks of the input vector are derived from a
given facial image, and wherein the facial landmarks of
the input vector are identified based on their ability to
represent anthropometric characteristics of the given
facial image;

performing, by a computing device, a weighted compari-

son between the input vector and each of a plurality of
training vectors, wherein each training vector is mapped
to at least one of a plurality of categories, wherein each
training vector represents facial landmarks derived from
adifferent respective facial image, wherein each training
vector is associated with an age of an individual from
whom the different respective facial image was derived,
and wherein each category in the plurality of categories
comprises a different age range, wherein at least some of
the facial landmarks of the input vector represent aging
characteristics of the given facial image, wherein the
plurality of categories comprises an adult age range, and
wherein at least some of the subset of the training vectors
that map to the adult age range represent facial features
indicative of wrinkling, hyper-pigmentation, or thinning
of fat padding;

based on a result of the weighted comparison, classitying

the given facial image into a category of the plurality of
categories;

performing a second comparison of the input vector to a

subset of the training vectors, wherein at least some of
the subset of the training vectors map to the category of
the plurality of categories in which the given facial
image was classified; and

based on a result of the second comparison, estimating an

age of an individual from whom the given facial image
was derived.

2. The method of claim 1, wherein each training vector also
maps to a region in an m-dimensional space, wherein there is
one region in the m-dimensional space for each category in
the plurality, wherein performing the weighted comparison
comprises mapping the input vector to at least one of the
regions.

3. The method of claim 2, wherein classifying the given
facial image into the category of the plurality comprises
selecting the category of the plurality based on the at least one
region in the m-dimensional space to which the input vector
maps.

4. The method of claim 1, wherein each category in the
plurality of categories comprises a different human racial
identity, and wherein at least some of the facial landmarks of
the input vector represent racial characteristics of the given
facial image.

5. The method of claim 1, wherein each category in the
plurality of categories comprises a different gender, and
wherein at least some of the facial landmarks of the input
vector represent gender characteristics of the given facial
image.

6. The method of claim 1, wherein the plurality of catego-
ries comprises a child age range, and wherein at least some of
the subset of the training vectors that map to the child age
range represent facial features indicative of bone expansion
or hard-tissue elongation.

7. The method of claim 1, wherein the second comparison
comprises fitting the input vector to points in m-dimensional

12

space, wherein the points in the m-dimensional space are
defined by the at least some of the training vectors.
8. The method of claim 1, wherein a mean absolute error of
the estimated ages of respective individuals and actual ages of
5 the respective individuals is less than about 4 years.
9. A method comprising:
determining an application to apply to a first input vector of
facial landmarks, wherein each facial landmark in the
first input vector is derived from a given facial image,

10 and wherein the facial landmarks of the first input vector
are identified based on their ability to represent anthro-
pometric characteristics of the given facial image;

based on the determined application, selecting a subset of

15 the facial landmarks from the first input vector to form a

second input vector;

comparing, by a computing device, the second input vector
to a set of training vectors, wherein each training vector
is associated with an age of an individual from whom the

20 different respective facial image was derived; and

based on a result of the comparison, classifying the given

facial image into a category of a plurality of categories,
wherein the categories in the plurality are defined by the
determined application, wherein each category in the

25 plurality of categories comprises a different age range,

wherein at least some of the facial landmarks of the input
vector represent age characteristics of the given facial
image, wherein the plurality of categories comprises an
adult age range, and wherein at least some of the subset
30 of the training vectors that map to the adult age range
represent facial features indicative of wrinkling, hyper-
pigmentation, or thinning of fat padding;

performing a second comparison of the input vector to a

subset of the training vectors, wherein at least some of

35 the subset of the training vectors map to the category of

the plurality of categories in which the given facial
image was classified; and

based on a result of the second comparison, estimating an

age of an individual from whom the facial image was

40 derived.

10. The method of claim 9, wherein each training vector is
mapped to at least one category of the plurality, and wherein
each training vector represents facial landmarks derived from
a different respective facial image.

45 11.The method of claim 9, wherein each training vector is
mapped to a region in an m-dimensional space, wherein there
is one region in the m-dimensional space for each category in
the plurality, wherein performing the weighted comparison
comprises fitting the input vector to at least one of the regions.

50 12. The method of claim 9, wherein classitying the given
facial image into the category of the plurality of categories
comprises selecting the category of the plurality of categories
based on the at least one region in m-dimensional space to
which the input vector maps.

55 13.The method of claim 9, wherein the plurality of catego-
ries comprises a child age range, and wherein at least some of
the subset of the training vectors that map to the child age
range represent facial features indicative of bone expansion
or hard-tissue elongation.

60  14. An article of manufacture including a non-transitory
computer-readable medium, having stored thereon software
instructions that, upon execution by a computing device,
cause the computing device to perform operations compris-
ing:

65  identifyinganinput vector of facial landmarks, wherein the

facial landmarks of the input vector are derived from a
given facial image, and wherein the facial landmarks of



US 9,177,230 B2

13

the input vector are identified based on their ability to
represent anthropometric characteristics of the given
facial image;

performing a weighted comparison between the input vec-
tor and each of a plurality of training vectors, wherein
each training vector is mapped to at least one of a plu-
rality of categories, wherein each training vector repre-
sents facial landmarks derived from a different respec-
tive facial image, wherein each training vector is
associated with an age of an individual from whom the
different respective facial image was derived, and
wherein each category in the plurality of categories com-
prises a different age range, wherein at least some of the
facial landmarks of the input vector represent aging
characteristics of the given facial image, wherein the
plurality of categories comprises an adult age range, and
wherein at least some of the subset of the training vectors
that map to the adult age range represent facial features
indicative of wrinkling, hyper-pigmentation, or thinning
of fat padding;

based on a result of the weighted comparison, classitying
the given facial image into a category of the plurality;

performing a second comparison of the input vector to a
subset of the training vectors, wherein at least some of
the subset of the training vectors map to the category of
the plurality of categories in which the given facial
image was classified; and

based on a result of the second comparison, estimating an
age of an individual from whom the given facial image
was derived.
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